The excessive use of inputs per unit of agricultural land poses a great threat to ecological sustainability. Using an input-oriented data envelopment analysis (DEA) model, this study analyzes ecoefficiency of intensive agricultural production in 31 provinces in China. The results show that the total efficiency of only six provinces can be considered fully efficient and that scale efficiencies are generally lower than technical efficiencies. Then, the spatial distribution of ecoefficiency is analyzed. The findings demonstrate that the provinces whose ecoefficiencies are maximal are primarily located in western China. The technical efficiencies in the western region are better than those in the eastern and middle regions. Imperfect scale efficiencies are distributed across all three regions. Furthermore, using the Tobit model, an analysis of the factors that influence ecoefficiency shows that the variables of farmland area per capita (FA), income per capita (IC), population per household (PH), and population burden coefficient (PB) have statistically significant impacts on total efficiency. The distinct effects of the variables on total efficiency are caused by their differential effects on technical efficiency and scale efficiency. Finally, suitable policies designed to improve ecoefficiency are proposed according to the local circumstances of each of the three regions.
Introduction
Although it accounts for only 7 percent of the worldwide total, agricultural land in China feeds 22 percent of the world's population. Grain production increased on average by 3% annually in the past 40 years in China [1] . The increased yields resulted primarily from greater inputs of labor, pesticides, chemical fertilizers, and energy [2, 3] . The increase in agricultural output has provided enough food to reduce hunger and improve human nutrition in China [4] . However, the excessive use of pesticides and chemical fertilizers creates various environmental problems, including soil erosion and water pollution [5, 6] . Meanwhile, these environmental problems pose great threat to human health and the sustainable household livelihoods [7] [8] [9] .
Despite agricultural land being a highly valuable resource for achieving food security in China, high quality agricultural land is continuously converted into construction land due to rapid urbanization, industrialization, and poor government regulation [10] [11] [12] [13] [14] [15] . Therefore, intensive agriculture has been widely advocated as a struggle to feed the increasing population considering the limited agricultural land [16] . The key point of intensive agriculture is the choice of a suitable input intensity that achieves an adequate desired production without increasing, and, more preferably, decreasing, environmental damage [17] . Ecoefficiency is a widely used indicator that describes the capability to achieve desired production and at the same time cause minimal environmental damage [18] . However, few studies have analyzed the ecoefficiency of agricultural production, especially with regard to intensive agriculture. Therefore, an ecoefficiency assessment is selected in this study to integrate ecological impacts into an analysis of intensive agricultural production in China and thereby inform certain changes in agricultural production that could help achieve sustainable farming.
Discrete Dynamics in Nature and Society
This study uses a DEA approach to measure the ecoefficiency of intensive agricultural production in China. However, DEA has limited use for identifying the factors that influence efficiency. In order to conduct a further exploration of the factors that influence ecoefficiency, this study conducts the analysis over two stages. The first stage estimates the ecoefficiency of intensive agricultural production by DEA. The second stage analyzes potential underlying factors that influence the ecoefficiency by Tobit model. We specifically attempt to (1) define the ecoefficiency which is suitable for this study; (2) develop the Charnes-Cooper-Rhodes (CCR) and Banker-Charnes-Cooper (BCC) models for analyzing ecoefficiency; (3) discuss input-output variables applied in the ecoefficiency assessment of intensive agricultural production and show the results of a case study pertaining to total efficiencies, technical efficiencies, and scale efficiencies in 31 provinces in China; (4) analyze the influencing factors based on the Tobit model; and (5) provide some policies designed to improve ecoefficiency in China.
Literature Review
Ecoefficiency has been proposed as one feasible method for exploring sustainable development strategy [19] . Increasing literature has reported the applications of ecoefficiency into environmental studies. Ecoefficiency of 24 power plants in Europe and intensification scenarios for milk production in New Zealand were evaluated by treating pollutants as the inputs [20, 21] . Ecoefficiency analysis for regional industrial systems in China was performed using data from 30 provinces [22] . Ecoefficiency indicators were developed to design a framework for implementing cleaner production initiatives for the Canadian food and beverage industry [23] . However no agreement has been reached on the definition of ecoefficiency, since the ecoefficiency is a context-specific concept [20] . One important approach in the ecoefficiency literature is to define ecoefficiency as a ratio: ecoefficiency = economic value added/environmental damage [18] . But this definition is not suitable for DEA analysis since it neglects the resources which are used in the production process. In this paper, the ecoefficiency is defined as the capability that creates the highest economic value with lowest ecological damage. Therefore, it is the ratio of a weighted sum of the outputs (desired products, desired services, and ecological damage) to a weighted sum of the inputted resources [24] . One important implication of outputs is that the growth of desired products and services should be delinked as much as possible from harmful outputs including pollution and waste.
The methods used to assess the ecoefficiency include ratio calculation between economic value added and environmental damage, cost-benefit analysis, life cycle assessment, and data envelopment analysis [18, 30, 31] . Because the ecoefficiency is defined as the ratio including multiinput and multioutput in this paper, the methods are not suitable for assessing the ecoefficiency in this study except DEA. DEA which is a nonparametric methodology is an important method for evaluating the relative efficiency of decision-making units (DMUs) and is widely used to solve the efficiency related problems based on multi-input and multioutput production [32] . One of the obvious advantages of DEA is that it does not make any prior assumptions on the relationships between input and output variables. The complicated functional relationship between inputs and outputs in agricultural production process is not fully understood. Therefore, the DEA should be a suitable tool to assess the ecoefficiency of intensive agricultural production. Previous analyses performed using DEA models include a cross-country comparison of the ecoefficiencies of cement industries, an assessment of the ecoefficiency of pesticides, and a selection of transport modes based on ecoefficiency [33] [34] [35] . The ecoefficiency of the agricultural sector also has attracted the attention in past years. Ecoefficiency of olive farming at farm level in the rural areas of Andalusia in Spain was quantified by using DEA and pressure distance functions [36] . In addition, an input-orientated data envelopment analysis framework was developed to assess the ecoefficiency of 30 OECD countries [37] . Because rapid economic growth tends to correlate with environmental problems, increasing interest has been demonstrated in examining whether ecoefficiencies are sufficient for achieving sustainable development [18, 38] .
Methods

Ecoefficiency Assessment Using DEA.
The ecoefficiency assessment of intensive agricultural production involves two DEA models, including the CCR model and the BCC model, which defines efficiency as a ratio of a weighted sum of outputs to a weighted sum of inputs. The CCR model, which assumes constant returns-to-scale (CRS), measures the total efficiency of a DMU, and the BCC model, which assumes variable returns-to-scale (VRS), measures the technical efficiency of a DMU. The input-oriented or output-oriented CCR and BCC models, selected according to the purpose of production, are usually employed. The ideal intensive agricultural production level can be characterized as one that uses the lowest quantity of inputs to produce a given level of output. Therefore, an input-oriented CCR model and an input-oriented BCC model are employed to assess the ecoefficiency of intensive agricultural production in this study.
We assume there are homogeneous provinces, and each province consumes inputs and produces outputs. The input-oriented CCR model in ratio form can be summarized as follows [39] :
where is total efficiency of the th province, and are the th input and the th output corresponding to the th province, respectively, and are the th input Discrete Dynamics in Nature and Society 3 weight and the th output weight, respectively, and is a nonArchimedean infinitesimal variable. Using a linear transformation, the input-oriented CCR model in dual form is expressed as follows:
where is the multiplier of the th province, is the weight of reference set of the th province, − is the input excess of the th input, and + is the output shortfall of the th output.
The input-oriented BCC model which assesses the technical efficiency using linear program is obtained by adding the intercept in (1) and the convexity constraint ∑ =1 = 1 [40] . Using a linear transformation, the input-oriented BCC model with the constraint ∑ =1 = 1 in dual form is expressed as follows:
Finally, the measure of scale efficiency for ecoefficiency of intensive agricultural production in the th province is computed as the quotient between total efficiency and technical efficiency:
where is technical efficiency of the th province. 
where is the th province (DMU), * is the latent dependent variable, is the limited sample value, is the × 1 matrix of the explanatory variables, = ( 1 , 2 , 3 , . . . , ), and is the error term, which submits to (0, 2 ).
Ecoefficiency Analysis of Intensive Agricultural Production
Input-Output Variables.
Input-output variables of agricultural production should be identified by using DEA to evaluate ecoefficiency. However, agricultural production is a complex system of plant and animal production with multiple inputs and outputs. Table 1 summarizes the inputs and outputs reported in previous studies [25] [26] [27] [28] [29] . The input variables and output variables selected herein reflect the purpose of this study. The ecoefficiency analysis of agricultural production aims at creating improved outputs and using fewer resources while discharging less pollution and waste. Intensive agricultural production is characterized by the high use of inputs relative to a given area of agricultural land. Therefore, the input variables that represent the characteristics of intensive agricultural production are defined as the inputs used per unit of agricultural land area. Although various inputs were selected in previous studies, this study only focuses on the five critical inputs in agricultural production: labor, agricultural machinery, pesticides, chemical fertilizers, and diesel oil. Consequently, the input variables chosen are labor intensity, Agricultural production creates both beneficial outputs and harmful outputs. According to previous studies [25, 27] , gross output value is usually used to represent beneficial outputs, and this value is also used in this study in a similar manner. However, pollution and waste, such as ammonia nitrogen (NH 3 -N), total nitrogen (TN), and total phosphorus (TP), are also outputs, as byproducts, of farming practices, and their presence has made it considerably difficult to realize zero emissions from agricultural production under state-ofthe-art techniques. The excessive use of chemical fertilizers leads to a surplus of nitrogen (N) and phosphorus (P) [47, 48] . The decrease in agricultural labor aggravates the excessive use of chemical fertilizers. Due to the decreases in agricultural labor, the peasant households increase chemical fertilizers to maintain high yields [49] . Currently, machines whose power is supplied by diesel oil cannot be widely used to spread chemical fertilizer. In many areas, the primary labor includes the elderly, children, and women, who spread chemical fertilizer by hand [50] . Therefore, the wide application of agricultural machinery which adopts advanced agricultural technology such as fertilizer deep placement technology and balanced fertilization technology can control the excessive use of chemical fertilizers. However, in standard CCR and BCC models, the direct reduction of the undesirable harmful outputs is not allowed. The method that transforms harmful output variables into new variables similar to beneficial output variables can solve this problem. It is widely used to assess ecoefficiency [38, 51] . In addition, the strategy of ecoefficiency in agricultural production should focus on improving the quantity of beneficial outputs and reducing harmful outputs to improve environmental performance. Consequently, output variables used for the DEA herein are defined as the beneficial output production per unit of harmful output. The harmful outputs are NH 3 -N, TN, and TP based on examples from previous studies and data availability. Table 2 shows the input-output variables of intensive agricultural production.
The DMUs.
This study assesses the ecoefficiency of intensive agricultural production at the provincial level in China. The provincial administrative divisions in China comprise 34 units including 23 provinces, 4 municipalities, 5 autonomous regions, and 2 special administrative regions. Hong Kong, Macao, and Taiwan are not included in this study Agricultural land area = cultivated land area + garden land area.
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Discrete Dynamics in Nature and Society due to the absence of original data. The number of DMUs has an important impact on the degree of freedom. Cooper et al. [52] provided a rough rule to solve this problem in DEA model. The guideline is to choose a value of that satisfies ≥ max{ × , 3( + )}, where is the number of DMUs, is the number of inputs, and is the number of outputs. Therefore the number of DMUs satisfies the rule in this study.
Due to the distinct natural, economic, and social characteristics of the 31 provinces, China is divided into three parts (western, middle, and eastern) according to the 7th FiveYear Plan in China. China's Western Development Program, which aims to narrow the gap between the eastern coast and the western region, has been implemented since 2000. This important policy covers 6 provinces, 5 autonomous regions, and 1 municipality. Therefore, the regionwise partitioning from 7th Five-Year Plan has been adjusted to suit China's Western Development Program. The provinces that compose the three regions in this study are as follows:
The western region in China consists of Inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang. The middle region in China consists of Shanxi, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and Hunan. The eastern region in China consists of Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan. Table 3 . Table 4 presents the results of the analysis of ecoefficiency of intensive agricultural production in 31 provinces in China. Only Heilongjiang, Guizhou, Gansu, Qinghai, Ningxia, and Xinjiang can be considered fully efficient, with an ecoefficiency value of 1.000. (Table 4) . Accordingly the average scale efficiency is relatively low in terms of ecoefficiency of intensive agricultural production in China.
Results of Ecoefficiency Analysis in China.
The total efficiency may be decomposed into the two parts of technical efficiency and scale efficiency to provide some insight into the source of inefficiency. Poor input utilization leads to a state of technical inefficiency, such that agricultural production cannot achieve maximum potential ecological outputs. Inappropriate scale sizes for input and output that mix in intensive agricultural production result in scale inefficiency. The ecoefficiency results indicate that the low scale efficiency in intensive agricultural production in China is primarily attributed to the low total efficiency instead of a low technical efficiency.
The total efficiency, technical efficiency, and scale efficiency components of ecoefficiency were classified as follows: full efficiency, high efficiency, moderate efficiency, and low efficiency. According to Deng et al. [53] and He et al. [54] , classification threshold values of the criteria for ecoefficiency Discrete Dynamics in Nature and Society 7 of intensive agricultural production are shown in Table 5 . Based on the ecoefficiency values and the classification threshold values of the criteria, the spatial distribution of ecoefficiency is expressed in Figures 1-3 . The provinces whose total efficiencies are fully efficient are mainly located in the western region. The provinces in the eastern region generally have moderate or low total efficiencies except Liaoning, which has a high total efficiency. The agricultural production in the western region is relatively extensive due to natural and economic constraints such as little precipitation and poverty. In contrast, the agricultural production in the eastern and middle regions is relatively intensive considering their high agricultural productivity. It is conventionally accepted that higher inputs could increase agricultural production. However, the results herein reveal that high inputs per unit land in agricultural production do not improve ecoefficiency and are responsible for discharges of vast amounts of pollution. Spatial variations of ecoefficiency among the regions are resulting from the imperfect technical and scale efficiencies in the different regions.
The provinces that have low technical efficiencies are mainly located in the eastern region. And 8 provinces, accounting for 89% of the provinces with moderate technical efficiencies, are located in the eastern and middle regions. However, the technical efficiency in 8 provinces, accounting for 62% of the provinces located in the western region, can be classified as fully efficient. Moreover, Chongqing, Yunnan, and Sichuan, which are also located in the western region, have high technical efficiencies. The abundance of imperfect technical efficiencies in the eastern and middle regions implies that some inputs in agricultural production, such as labor, agricultural machinery, pesticides, chemical fertilizers, and diesel oil, are inefficiently utilized per unit of agricultural land due to the technology adopted for intensive agricultural production in these areas. The current technology in the eastern and middle regions cannot exploit maximal potential productivity or adequately control the pollution emitted from agricultural production, such as NH 3 -N, TN, and TP.
The imperfect scale efficiencies were distributed across all three regions. Four provinces located in the eastern region, 1 province located in the middle region, and 3 provinces located in the western region have low scale efficiencies. Six provinces located in the eastern region, 3 provinces located in the middle region, and 2 provinces located in the western region have moderate scale efficiencies. Finally, 1 province located in the eastern region, 3 provinces located in the middle region, and 2 provinces located in the western region have high scale efficiencies. However, the contributing factors of the imperfect scale efficiencies in the three regions are different. In the eastern and middle regions, low scale efficiencies are probably a consequence of the inputting of excess resources, such as rising labor intensity, rising pesticide use intensity, rising chemical fertilizer use intensity, and rising diesel oil use intensity, which ultimately raise the output of agricultural production in these regions. The provinces whose scales of agricultural production are nonoptimal locate in the eastern and middle regions, where agricultural production is relatively intensive and input intensity is too high. It can be induced that the output increases in agricultural production are less than proportional to the increases in inputs. In contrast, the provinces whose scales of agricultural production are nonoptimal mainly locate in the western region, where agricultural production is relatively extensive and output intensity is relatively low, suggesting that the inputs do not result in maximal outputs.
Analysis of Factors Influencing
Ecoefficiency Based on the Tobit Model
Selection of Influential Variables.
Peasant household characteristics affect agricultural production behaviors. Therefore, peasant household characteristics also comprise factors that influence ecoefficiency. Education level, land endowment, income features, and family population structure are used to analyze the influence of peasant household characteristics on peasant household behavior [55] . The influential variables of peasant household characteristics selected in this study are shown in Table 6 . Economic development also has a significant impact on inputs in agricultural production [12, 56, 57] . Consequently, agriculture's position and industrialization level were also selected as influential variables to reflect the level of economic development. Table 7 . 
Results of Influencing Factor
Analysis. The effects of influencing factors on ecoefficiency, which consists of total efficiency, technical efficiency, and scale efficiency, are evaluated by using the Tobit model. The results of the Tobit regression are presented in Table 8 .
The results show that FA, IC, PH, and PB have statistically significant impacts on the total efficiency component of ecoefficiency. The coefficients for the impacts of FA and PB are positive, but the coefficients for IC and PH are negative. The different performances of the variables can be revealed from the Tobit regression analysis for technical efficiency and scale efficiency.
FA has a significantly positive impact on technical efficiency and scale efficiency. With a larger farmland area, a peasant may be inclined to adopt advanced technology, which is beneficial to the technical efficiency component of ecoefficiency. Meanwhile, a larger farmland area can also improve scale efficiency. The reason for this improvement is that the increase of farmland area per capita can reduce the mismatch between agricultural input quantity and agricultural output quantity, which consists of beneficial and harmful components. IC significantly affects technical efficiency and scale efficiency negatively. The income per capita is closely related with the capabilities of peasants. However, the more capable and wealthier peasants utilize agricultural input less efficiently in terms of technical efficiency because the technology that the peasants adopt to raise their agricultural outputs, such as grain and vegetables, is not beneficial for controlling the discharge of pollution and waste. Moreover, the income per capita is a negative factor for scale efficiency. This is because the peasants might adopt the excessive use of some agricultural inputs, especially pesticides and chemical fertilizers, to obtain high return. PH has a significantly negative impact on technical efficiency, but it has no significant impact on scale efficiency. A possible driver of this negative impact is that a peasant household, which consists of many people, tends to substitute labor for new techniques. PB does not have a significant impact on either technical efficiency or scale efficiency. This means that the effect of population burden on total efficiency relies on the interaction between its effect on technical efficiency and its effect on scale efficiency.
WP, AF, and IL have significantly negative impacts on technical efficiency but have no significant impact on total efficiency. The main reason for this is that the three variables have an opposite impact on scale efficiency, although the impact is not statistically significant. The growth of wage percent plays a role in worsening technical efficiency because of the limited effect of adopting technologies with high technical efficiency on enhancing wage income. The negative impact of agricultural productive fixed assets per household and industrialization level reveals that China's rural industrialization development and growth of productive fixed assets owned by peasant households do not focus on improving agricultural input utilization efficiency, which can increase beneficial outputs and decrease harmful outputs.
Policy Implications and Methodological Discussion
Our study moves forward from ecoefficiency analysis of intensive agricultural production to policy discussion. The suitable policies should be designed according to local circumstances that reflect the different features of ecoefficiency across the three regions. According to the results of influencing factor analysis, FA has a significantly positive impact on ecoefficiency in the eastern region. Increasing agricultural land to decrease input intensity can lead to increasing ecoefficiency, but this has not been achieved due to the conversion of agricultural land into nonagricultural uses driven by the political aspirations of local governments in the eastern region. The local governments, which have promoted the rapid development, provide less support for increasing agricultural land to further the development of agriculture. So the approach to decrease input intensity in the eastern region should remain focused on controlling the consumption of inputs (e.g., labor, agricultural machinery, pesticides, chemical fertilizers, and diesel oil). In particular, owing to the effect of FA and PH, the agricultural labor should be gradually shifted to urban sectors in a novel urbanization push. Such a policy may increase farmland area per capita and decrease population per household. At the same time, agricultural production methods that employ more advanced technology are also proposed for the eastern region. The effect of IL on ecoefficiency implies that the technology that has been widely used in industrialization processes for agriculture does not improve the technology efficiency component of ecoefficiency. In most cases, adopting more advanced technology can help reduce energy consumption and inputs such as chemical fertilizers and pesticides. At the same conditions, it can produce identical agricultural products with decreased emission of pollutants such as NH 3 -N, TN, and TP. FA plays a key role in improving the ecoefficiency in the middle region. Many provinces in the middle region, such as Henan and Hubei, are the important rice production bases in China. These provinces have additional potential land resources suitable for agriculture. Therefore, we can expand agricultural land to decrease input intensity through land consolidation project that exploits nonagricultural land to raise grain production capacity. Meanwhile, when exploiting nonagricultural land, the ecological risk should be taken seriously. In addition, large-scale agriculture suited to locally advantageous agricultural products is a better alternative to family farming, and it can substitute for potential increases in the input consumption of total agricultural land or, more preferably, even decrease the input consumption. The ecofriendly pesticides that are highly effective and have low toxicity offer a potentially useful approach for reducing the adverse effects of pesticides on ecosystems considering the effect of IC on ecoefficiency. The problem of imperfect technology efficiency that is generated through the excess use of chemical fertilizers, particularly N, should be addressed by improving chemical fertilizer use efficiency. Potential solutions to low chemical fertilizer use efficiency might include promoting the development and use of highly efficient fertilizer application technology and implementing price controls on chemical fertilizers.
The western region is an ecologically sensitive and vulnerable area in China. Although FA has a positive impact on ecoefficiency, the mass conversion of nonagricultural land to agricultural land, such as through forest clearance for agricultural land expansion, might damage local ecosystems. Furthermore, the inputs in the western region are relatively extensive. As a consequence, a decrease of input intensity should be integrated with ecological migration from droughtstricken and water-scarce areas. The population and labor base supported by agricultural land should be reduced, which can help avoid the negative impacts of the population per household (PH) and population burden coefficient (PB) on ecoefficiency. In addition, an appropriate amount of agricultural land should be allowed to be fallow as a way to reduce inputs to land in the long term. More importantly, the quantity of desirable agricultural products per unit of agricultural land should be raised; and the promising way to achieve this aim is to use water saving and pollution emission reduction technology that can also increase farmers' income through agricultural production. Therefore, peasant households' agricultural productive fixed assets (AF) that have negative impact on technical efficiency should be adjusted to include water saving and pollution emission reduction technology.
This study also has some limitations that should be mentioned. First, the sample size is relatively small in this study.
We cannot assess the ecoefficiency of intensive agricultural production at the municipal level in China given the problem of data availability. Further studies should be carried out when more data are available. Second, some harmful outputs, such as heavy metal contamination and pesticide residue, are not considered in the indicator selection of input-output variables. The data relating to agricultural pollution are not published in public in China. Last, ecoefficiency has been criticized for lacking connections to environmental policy instruments. Despite influencing factor analysis done in this study, the insightful policy discussions directly driven by research findings are still difficult. More policy analysis for ecoefficiency should be carried out to help create insightful policy.
Conclusions
This study proposed the input-oriented CCR and BCC models of DEA to measure the ecoefficiency of intensive agricultural production in China. Specifically, the labor intensity, agricultural machinery use intensity, pesticide use intensity, chemical fertilizer use intensity, and diesel oil use intensity were designed as input variables; NH 3 -N emission benefit, TN emission benefit, and TP emission benefit were designed as output variables. DEA assessment indicated that the inputoutput variables were effective in reflecting the ecoefficiency of intensive agricultural production in China.
The results show that only Heilongjiang, Guizhou, Gansu, Qinghai, Ningxia, and Xinjiang perform as fully efficient in terms of ecoefficiency and that, on average, the scale efficiency is lower than technology efficiency in terms of the ecoefficiency of intensive agricultural production in China. Furthermore, the spatial distribution of the ecoefficiency of intensive agricultural production across China signifies obvious differences between the eastern, middle, and western regions. The results demonstrate that the provinces whose ecoefficiencies are fully efficient are mainly located in the western region. The provinces which have low or moderate technical efficiency are mainly located in the eastern and middle regions. Overall, the technical efficiency in the western region is better than those in the eastern and middle regions. The imperfect scale efficiencies are distributed across all three regions.
Furthermore, the Tobit model was selected to analyze the underlying factors influencing ecoefficiency. The influencing factors analysis shows that FA, IC, PH, and PB have statistically significant impacts on total efficiency. The distinct effects of different variables on total efficiency are caused by the different effects of the variables on technical efficiency and scale efficiency. Finally, this study proposed designs for policies for improving ecoefficiency suitable for different local circumstances, given the different features of ecoefficiency in each of the three regions.
